D i n h -T u a n . P h a m @ i m a g . f r ABSTRACT This paper presents a method for blind separation of convolutive mixtures of speech signals, based on the joint diagonalization of the time vatying spectral matrices of the observation records and a novel technique to handle the problem of permutation ambiguity in the frequency domain. Simulations show that our method works well even for rather realistic mixtures in which the mixing filter has a quite long impulse response and strong echos.
INTRODUCTION
Blind separation of realistic convolutive audio signal is still a largely unsolved problem [I] , even though there has been several works on this topic [2, 3, 4] . The difficulty is that the mixing filter often has a quite long impulse response which contains strong peaks corresponding to echos. In this context, the frequency domain approach seems to be more appropriate since it reduces the problem to a set of independent separation problems of instantaneous mixtures associated with each frequency bin. But the long impulse response of the mixing filter would require working with very narrow bins, leading a poor accuracy of the spectral estimate. Further, the finite Fourier transform (FFT) tends to produce nearly Gaussian variables and it is well known that blind separation doesn't work in the case of instantaneous Gaussian mixture. Fomnately, speech signals are also highly non stationary so one can exploit this nonstationarity to separate their mixture which allow one to ignore their non Gaussianity and use only their second order statistics [5] , which lead to a joint diagonalization problem. Note that the idea of exploiting nonstationarity has been introduced in [2] , but these authors used an ad-hoc criterion, unlike ours, which is based on the Gaussian mutual information. This criterion is related to the maximum likelihood and our experience in the case of instantaneous mixture shows that it is quite powerful. Such criterion has in fact been considered in [4] , but without using the nonstationarity idea.
Thanks to the European Bliss Project for funding. This paper extends an earlier paper of the authors [6] by providing a new technique to solve the problem of permutation ambiguity in the frequency domain. This is the biggest challenge in blind separation of audio signal. In [6] a solution bas been proposed based on the continuity of the frequency response of the separation filter, but it has some weakness. Here a new solution, based on an idea similar to [7] , is developed and shown to work better.
MODEL AND METHODS
We consider the blind separation of convolutive mixtures:
where { q ( t ) } , . . . , { z~( t ) ) denote the observed sequences, {sl(t)}, . . . , { s K ( t ) ) denote the sources sequences and {Hkj (n)} are elements of the impulse response matrix {H(n)} of the mixing filter. The goal is to recover the sources through another filtering operation y ( t ) =
C,=-,G(n)x(t-n)wherex(t) = [zI(t) ... z~( t ) ]~
(T denotingthe transpose), y ( t ) = [yl(t) ... yh-(t)lT is the recovered source vector and { G ( l ) } is the impulse response matrix of the separation filter. In the blind context, the idea is to adjust the filter {G(n)} such that the ECOnStruCted sources {yk(t)) are as mutually independent as it is possible. By adopting a second order approach, we are in fact focused only on the interspectra between the reconstructed sources at all frequencies. However, as we are dealing with nonstationaty signals, we need to consider the time varying spectra, that is the localized spectra around each given time point. It is precisely the time evolution of these spectra which help us to separate the sources. Indeed, from (I), the time varying spectrum of the vector observation sequence { x ( t ) } is S,(t, f ) = H(f)S,(t,f)H(f) where H(f) = C~=-,einfZnH 0 n denotes the frequency response of the mixing filter' at freoo 'For simplicity, we use the same symbol ta denote the impulse or the quency f, &(t, f ) is the diagonal matrix with diagonal elements being the time varying spectra of the sources and * denotes the transpose conjugated. As in [6] , the diagonalization criterion can be expressed as
where diag(.) denotes the operator which builds a diagonal matrix from its argument and the summation is over the time points of interest. This criterion is to be minimized with respect to G ( f ) to obtain the frequency response of the separation filter. We have already developed a simple and very fast algorithm to minimize this criterion [XI.
In practice, the spectrum &(t, f ) is estimated over a (high resolution) grid of frequencies. We follows the same method in [6] , by subdividing the data sequence into blocks (actually half overlapping) and estimate the spectrum as if the data inside each block comes from a stationary process.
In each block we compute the FFT, form the periodogram and then average it over consecutive frequencies to estimate the spectrum. Specially, the periodopm of the k-th data block starting at nk + 1 and of length N is In [6] we have proposed a method to solve the permutation ambiguity problem based on the continuity of the fre- The main idea is that, for a speech signal at least, the energy over different frequency bins appears to vary in time in a similar way, up to a gain factor. For example, if a time block contains a long period of pause, one would expect that it energy would be nearly zero in all frequency bins. Thus we consider the "profiles" E(f, k ; .), defined as the logarithm of the k-th diagonal element of G(f)S,(t, f)G*(f), and we assume that if the profiles E ( f ' , k'; .) and E ( f " , k", .)
come from the same source, they would be similar up to an additive constant. To check this similarity, the first idea which comes to mind is to consider the correlations. .). This can be done in an iterative way. We start with some initial profiles, minimize (3) with respect to the permutations x k ( f ) , then reset EL(.) to P ( . , x k ( . ) , . ) and minimize again and so on. It can be seen that this iteration decreases (3) at each step and therefore would converge to a minimum (possibly local).
To construct the initial profiles, we apply the "permutation correction method" in [6] and proceed as if there is no permutation error, that is we simply take E;(.) to be the average, over all frequencies f, of E'(f, 12, .). We are currently investigating other way to improve the initialization of the profiles.
DESIGN AND SIMULATION RESULTS
We considered mixtures of real sound sources from premeasured room impulse responses. These responses are obtained from the matlab routine ro0mix.m of Alex Westner (found in http://sound.media.mit.edu/ica-bench), which uses a library of impulse responses measured off a real 3.5m x 7m x 3m conference room. (using 8 preset positions).
The sources are speech signals sampled at 11 kHz. The provided room responses however correspond signal sampled at 22 Khz so we have "downsampled them to 1 1 KhZ. These responses are quite long, up to 8192 lags, but become quite small at high lags so that we can truncate them to 256 lags and still retaining all echos. They are displayed in figure 1. Figure 2 shows the frequency response of Hzl to illustrate its rapid variation as a function of frequency. been eliminated. Using longer data length, which produces longer profile, also helps. Note that the profiles are com-puted from the estimated sources, which can be contaminated with other sources to some degree. The profiles of the exact sources (not shown) are somewhat more separate. The impulse response of the global filter (G * H)(n) is shown in figure 5 . One can see that (G * H)ll(n) is much smaller than (G * H)12(n) and (G * H)lz(n) is somewhat smaller than (G * H)zl(n), meaning that the sources are well separated (and permuted). This can be confirmed by looking at the original sources, the mixtures and the sepa-' rated sources, displayed in figure 6 (noting that there is a global permutation).
'
CONCLUSION
We have introduced a method for blind separation of speech signals, which exploits the specificity of such signals: their non stationarity and the presence of pauses. Our method is able to separate convolutive mixtures with fairly long impulse responses containing strong echos. [2] L. P a m and C. Spence, 
